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ABSTRACT
TOPOLOGICAL NETWORK ALIGNMENT BASED ON
GRAPHLET DEGREE SIGNATURE
by Shengai Jin
May 2013
A large number of experimental biological network data of different types are
becoming available due to advanced experimental techniques. Network alignment is
considered to be one of the most common methods to analyze and compare biological
networks to understand evolution, biological mechanisms, and the complexity of diseases.
Kuchaiev, Milenkovic, Memisevic, Hayes, & Przulj (2010) recently proposed a
topological method of network alignment based on graphlet degree signatures, called
GRAAL, which can be used to align any kind of networks not just biological ones.
Several global network alignment algorithms also have been designed based on GRAAL,
such as MI-GRAAL, H-GRAAL , and C-GRAAL. However, the alignment of large
networks necessitates the improvement of GRAAL algorithm in terms of both accuracy
and computational efficiency.
In this paper, I present three kinds of modifications based on GRAAL, including

modification on P value, modification on graphlet selection and modification on vector
calculation. I applied the three modifications on several biological datasets. The results
have shown that these modifications perform comparable to GRAAL, and the algorithm
efficiency can be improved up to 90% without losing much accuracy.
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CHAPTER I
INTRODUCTION
Background
Owing to the advanced techniques used in the biological field, a large number of
experimental biological network data of different types are becoming available. These
networks include protein-protein interaction (PPI) networks, transcriptional-regulation
networks, brain functional networks, and metabolic networks. I mainly focus on
analyzing PPI networks, which are probably the most commonly studied type of
biological networks. In PPI networks, nodes represent proteins and edges among nodes
stand for the interactions between proteins, and it is generally represented as an
undirected graph with no self-loops. Figure 1 shows an example of a yeast PPI network.
PPI networks are of particular importance because proteins play a crucial role in all cell
functions. Instead of acting in isolation, protein always cooperates with other proteins to
perform many biological functions and create large complicated networks. Comparative
analyzing PPI networks can provide us valuable insight into biological mechanisms
(Memisevic & Przulj, 2012), help us to understand the complexity of diseases, and give
us transfer knowledge between species, as well as discoveries in evolutionary biology
(Milenkovic, Ng, Hayes, & Przulj, 2010).
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Figure 1. An example of yeast PPI network (Jeong, Mason, Barabasi, & Oltvai, 2001).

Network alignment is considered to be one of the most common methods to
analyze and compare biological networks because it can be vital for knowing how cells
work, which is analogous to sequence alignment (Kuchaiev & Przulj, 2011). It is mainly
about finding structure or topology similarities between two or more networks. In the
case of PPI network alignment, the main goal is to find out conserved protein
subnetworks in different species, which are considered to stand for evolutionarily
conserved functional modules (Sharan & ldeker, 2006).
Previous Approaches
Similar to sequence alignments, network alignments have two main instances:
local network alignment and global network alignment. Based on the hypothesis that
aligned sub-graphs are conserved through evolution, the goal of local alignment is to
search for evolutionary conserved building blocks of the cellular machinery, disregarding
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the overall similarity between networks. Several local alignment algorithms have been
developed, such as PathBLAST (Kelley et al., 2004), NetworkBLAST-M (Sharan et al.,
2005), NetAlign (Liang, Xu, Teng, & Niu, 2006), MaWISh (Koyuturk et al., 2006),
Graemlin (Flannick, Novak, Srinivasan, McAdams, & Batzoglou, 2006) and AlignNemo
(Ciriello, Mina, Guzzi, Cannataro, & Guerra, 2012). PathBLAST identifies protein
pathways and complexes that have been conserved by evolution across species by
searching high-scoring alignments between pairs of protein interaction paths. It pairs
proteins of the first path with putative orthologs occurring in the same order in the second
path (Kelley et al., 2004). NetworkBLAST, which is an extention ofPathBLAST, reveals
network regions that were conserved across multiple species by integrating protein
interaction and sequence information (Sharan et al. , 2005). NetAlign identifies conserved
network substructures derived from a common ancestor and discloses conserved
topological organization of interactions in evolution by comparing a query PIN with a
target PIN (Liang et al., 2006). MaWISh detects conserved patterns by using a
mathematical model that extends the concepts of match, mismatch, and gap in sequence
alignment to that of match, mismatch, and duplication in network alignment and uses a
scoring function, which accounts for evolutionary events to evaluate similarity between
network structures (Koyuturk et al. 2006). Graernlin searches large sets of dense
interaction networks for conserved functional modules by generalizing existing alignment
scoring schemes and the location of conserved network topologies (Flannick et al., 2006).
It supports both local and global search. AlignNemo, one of the latest local alignment
algorithms, uncovers conserved protein modules or complexes between PPI networks
across species mainly by three steps: building a weighted alignment graph, extracting all
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connected subgraphs and ranking them according to weights on nodes and edges, and
expanding each seed by adding multiple subgraphs (Ciriello et al. , 2012). Since these
local alignment algorithms allow one node to have different pairings in different local
alignments, the results can be equivocal.
In contrast to local network alignment, a global network alignment gives a unique

and one-to-one alignment from every node in a smaller network to exactly one node in
the other network. Hence, the goal of global network alignment is to search the maximal
overall match between two or more networks. Several global network alignment
algorithms have been designed, including lsoRank (Singh, Xu, & Berger, 2007),
Graemlin 2.0 (Flannick, Novak, Do, Srinivasan, & Batzoglou, 2008), GRAAL (Kuchaiev,
Milenkovic, Memisevic, Hayes, & Przulj, 2010), MI-GRAAL (Kuchaiev & Przulj, 2011),
H-GRAAL (Milenkovic et al., 2010), C-GRAAL (Memisevic & Przulj, 2012), and AMH
(Wang & Gao, 2012). IsoRank, the earliest global network alignment algorithm, is
inspired by the insight that if neighbors of two proteins from different networks matched
well, then these two proteins should be a good match. It takes advantage of edge
confidence scores as well as sequence similarity scores. Once these scores are computed
for each possible node match pair, lsoRanK then constructs the global network alignment
mapping by extracting high-scoring and mutually-consistent matches (Singh et al., 2007).
Graemlin 2.0, an extension of Graemlin (Flannick et al., 2006), allows global network
alignment by using a novel scoring function, relying on a parameter learning algorithm,
and by utilizing an algorithm that uses the scoring function to search approximate global
network alignments (Flannick et al. , 2008). GRAAL, MI-GRAAL, and H-GRAAL are
three global network alignment algorithms that were designed more recently. Both
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GRAAL and MI-GRAAL are greedy "seed and extend" approaches that use the most
similar nodes across the two networks as seed nodes, then extend around the seed nodes
in a greedy fashion and finally get approximate alignments of two networks. GRAAL
also uses a cost function based solely on network topological similarity, so it can be used
to align any kind of networks besides biological ones (Kuchaiev et al. , 2010). MIGRAAL has the unique feature of integrating and using several different kinds of node
similarity measures to compute confidence scores between nodes, combining the "seed
and extend" approach with the maximum weight bipartite matching problem to find
global alignment between two networks (Kuchaiev & Przulj, 2011). H-GRAAL is not a
"seed and extend" approach. It uses the Hungarian algorithm for minimum-weight
bipartite matching to get an optimal alignment of minimum total cost by using any cost
function (Milenkovic et al., 2010). Hence, similar to GRAAL, it is feasible to align any
type of networks. C-GRAAL, which builds an alignment using a heuristic approach on
the underlying network topology alone, does not require any information of node
similarity. As such, it can be applied to align networks whose node similarity information
is not available (Memisevic & Przulj, 2012). Different from finding a seed pair of nodes
and then extending and aligning their neighborhoods, MHA uses ModuLand, which is an
integrative network module identification and key nodes determination method family, to
choose pairs of topological hub nodes as seeds and form modules around the hub nodes,
and then uses Hungarian algorithm for maximum-weight bipartite matching to obtain a
more overall consistent alignment without destroying the functional modules (Wang &
Gao, 2012).
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PPI Datasets
PPI networks are usually obtained by two high-throughput experimental biotechniques. They are yeast two-hybrid screening, resulting in binary interaction data
(Uetz et al., 2000; Ito et al., 2000, 2001) and protein complex purification methods using
mass-spectrometry, resulting in co-complex data (Collins et al., 2008).
Many databases containing PPI networks are also available online. These include
(a) Biological General Repository for Interaction Datasets (BioGRID) (Breitkreutz et al.,
2008; Stark et al., 2006), (b) IntAct (Kerrien et al., 2007), (c) Database of Interacting
Proteins (DIP) (Salwinski et al., 2004), (d) Mammalian Protein-Protein Interaction
Database (MIPS) (Pagel et al., 2005), and many others. The datasets that I use in this
thesis are mainly from BioGRID and DIP databases; the statistics about these databases
are as follows.
The BioGRID database (Breitkreutz et al., 2008; Stark et al. , 2006) is an online
interaction repository with data compiled through comprehensive curtain efforts. As of
January 2013, the latest version is 3.2.96, which provides us a total number of nonredundant interactions to 432,040 and raw interactions to 622,751. It is considered to be
the most complete database of protein-protein interactions.
The Database of Interacting Proteins (DIP) (Salwinski et al., 2004) lists protein
pairs that are known to interact with each other. Interact means that two amino acid
chains were experimentally identified to bind to each other. The DIP database is
composed of nodes and edges. As of 18 May 2012, it has data for 541 organisms and
contains 75,019 distinct interactions.
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In order to visualize the datasets downloaded from BioGRID and DIP databases, I
use Cytoscape (Shannon et al., 2003) software. Cytoscape is an open source software
platform for visualizing complex networks and integrating these with any type of
attribute data. It is considered to be the most commonly used tool for biological research
applications. It can be used to visualize and analyze network graphs of any kind
involving nodes and edges. A key aspect of the software is the use of plugins for
specialized features. Hence, users can download plugins from BioGRID and DIP website
to visualize the graphs from these two databases on Cytoscape easily.
Thesis Contributions and Outline
The main contributions of this thesis are the following. Based on the GRAAL
algorithm, we made several modifications including modification on p value definition,
say P modification, modification on graphlet selection, say G modification, and
modification on redundancy graphlet removal, say R modification.

In the section of P modification, instead of p equals 1, 2, and 3 in GRAAL, I let
the value of p keep growing until each node in the smaller network aligned to exactly one
node in the bigger network. I implemented this modification in C++ language and tested
it on some datasets and also compared the testing results with GRAAL software's. The
comparison results show that P modification has similar performance with GRAAL.
Hence, we can substitute P modification program for GRAAL software in our thesis.
As to G modification, I simplified the graphlet selection procedure in GRAAL by
reducing the number of nodes that are used to compose graphlets from 5 to 4. So the
number of graphlets is reduced from 30 to 9 and orbits reduced from 73 to 15. The results
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demonstrate that program efficiency can be significantly improved without losing much
accuracy with this modification.
On the topic of R modification, we proposed an illumination that there exist some
redundancies in calculating the 73 coordinates of the vector of each node of a network. I
test this illumination with two groups of datasets. And the results show that by removal of
these redundancies we can improve the algorithm efficiency without losing any accuracy.
The thesis is organized as follows: Chapter I reviews the background information
about PPI networks and some publicly available PPI databases from which relative
datasets can be downloaded. I also introduce some previous approaches including local
and global methods to analyze PPI networks.
Chapter II describes GRAAL algorithm in detail, and Chapter III introduces three
modifications based on this algorithm and demonstrates that the implementation of these
modifications has similar performance with GRAAL and can largely improve the
efficiency without losing much accuracy.
Chapter IV describes the main contribution of the three modifications,
respectively, and also mentions that it is possible for users to choose one or more
modifications to improve efficiency, accuracy, or both based on users' needs. It also
concludes the thesis and highlights that the modification results are comparable to
GRAAL algorithm. Two tentative future works are also proposed in this chapter. The
first is parallelism, which can largely improve the efficiency of the modifications. The
other is choosing graphlets based on the properties of networks, which can shorten the
vector matrix computation time. Finally, the research results in this thesis are expected to
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be a helpful complementary to the design or improvement of other network alignment
algorithms.
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CHAPTER II
THE GRAAL ALGORITHM
Since the current global network alignment methods fall into a global heuristic
"seed and extend" approach, such as GRAAL (Kuchaiev et al., 2010), this thesis mainly
focuses on the modifications of this algorithm. Following is a detailed description of
GRAAL.
Graphlet Degree Signatures and Signature Similarities
In GRAAL a topological similarity measure of nodes from two different networks

is used to build meaningful global alignments (Milenkovic & Przulj, 2008). In this
measure, a graphlet- defined as a small, connected, non-isomorphic and induced
subgraph of a large network - is used to build a vector of graphlet degrees of a node
(Milenkovic & Przulj, 2008; Przulj, Corneil, & Jurisica, 2004). For a designated node in a
network, a vector of graphlet degrees counts the number of each kind of graphlet that this
node touches (Kuchaiev et al., 2010). This vector, also called a signature, describes the
node's neighborhood topology. Graphlets here are composed by up to 5 nodes due to the
small-world nature of real-world networks (Watts & Strogatz, 1998). Hence, there are a
total of 30 graphlets, which are denoted from Go to G 2 9 (details are shown in Figure 2). In
consideration of the 'symmetries' between nodes in a graphlet, there are a total of73
different orbits across all 30 graphlets, which are numbered from 0 to 72 (Milenkovic &
Przulj, 2008).
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Figure 2. All connected graphlets of up to 5 Nodes. In total there are 30 graphlets and 73
orbits among them. Hence, the signature of a node contains 73 coordinates (Milenkovic
& Przulj, 2008).

•

Figure 3. One example of how to compute 73 coordinates of graphlet degree vector of
node v (Kuchaiev et al., 2010).
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Mter calculating the signature of each node, GRAAL computes the signature
similarity (Milenkovic & Przulj, 2008) of two nodes from different networks, which is
computed as follows.
First, each orbit is assigned a weight,
equation: wi = 1 -

10 0
Iog
i,
log 10 73

Wj,

which is calculated using the following

where Oi represents the number of orbits that affect the orbit i

(Milenkovic & Przulj, 2008).
Next, the distance Di(u,v) between the ith orbits of nodes u and v from different
.

networks 1s computed as Di(u, v)

·+l)-log(v·+l)l
= w·xllog(u
C
1og max ui,vi +2
1

1

. {

}

;

,

·th
where Ui and vi denotes the 1

coordinates of their own signature vectors, and then the total distance D(u,v) between
nodes u and vis defined as: D(u, v) =

i~i~ ~:

(Milenkovic & Przulj, 2008). The range of

D(u,v) is [0, 1], where 0 means that nodes u and v have identical signatures.
Finally, S(u,v), the signature similarity of nodes u and vis S(u, v) = 1 - D(u, v)
(Milenkovic & Przulj, 2008). The range of S(u,v) is also in [0,1], where 0 means that
nodes u and v have totally different signatures.
Detailed Description of GRAAL Algorithm
In GRAAL, given two graphs G 1(V 1,E 1), G2(V2,Ez) and supposing that G 1 is

smaller than G 2, the cost matrix of aligning each node v in G 1 with each node u in Gz is
computed as follows:
deg(u) + deg(v)
)
C(u, v) = 2- ( (1- a) x
d (G )
d (G ) +ax S(u, v) ,
max _ eg 1 + max _ eg 2
where deg(u) and deg(v) are the degrees of nodes u and v, max_deg(G 1) and max_deg(Gz)
are the maximum degrees of nodes in G 1 and G 2, S( u, v) is the signature similarity of
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nodes u and v, a is a parameter in [0,1] and is determined as 0.8 in GRAAL (Kuchaiev et
al., 2010). The range of Cis in [0,2], where 0 means nodes u and v have identical
topologies and 2 means nodes u and v have totally different structures around them.
GRAAL chooses a pair of nodes (u, v) from two networks, respectively, which
have the smallest value in cost matrix as the initial seed (Kuchaiev et al., 2010). All
possible radii 'spheres', which are defined as a set of nodes whose distance to the seed
node are radius r, are found in the two networks. Then GRAAL uses a greedy method to
align spheres with same radius in two networks (Kuchaiev et al., 2010).
In the case of some nodes in both networks still remaining unaligned after

aligning all spheres, GRAAL repeats the same algorithm on a new pair of networks (G 1P,
Gl) for p equals to 1, 2, and 3 (Kuchaiev et al., 2010). G 1P is defined as a new network
with the same set of nodes as G 1 and with extra edges that are inserted to nodes (a, b) in
G1 if the distance between them is equal top (Kuchaiev et al., 2010).
The pseudo codes of the GRAAL algorithm are presented as Algorithm 1 and
Algorithm 2 in Figure 4 and Figure 5, respectively. Algorithm 1 is GRAAL' s pseudo
code. Algorithm 2 is the pseudo code for aligning spheres (Kuchaiev, 2010).
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Algorithm 1 GRRAL's pseudo code

Compute Matrix C ~
int power +- l ;

while H node £ G 1 which is notal igned do
(u,v) +- findSeed (G1P,G2");

Align u and v;

int size+- 1 ;

int radius +- l ;
while size :# 0 do
Srndius

1

1
8rndlus

+- makeSphere (u,radius,GLP);
+- makt!Sphere (v,radius, G/);

size+- min { sizeof(Smdius\ sizeof(Sr.~dius1 )};
if size :f: 0 then

alignSphere (Smdill'll 1, Smdill'll2)

;

end if
radius ++;
end while
if (

n1dius~ 3)

and ( p<3 ) then

p++;
end if
end while

Figure 4. Pseudo codes of GRAAL algorithm (Kuchaiev, 2010).
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Algorithm 2 Proeedure atignSpheres ( S" Sz )

Set pairs= q>;
co~t

-oo;

for all node nt e: St do

for all node nl (

s2 do

pair_cost= C ( nl, n2);
ifpair_cost < coot then
c.ost- pair_cost ;

Clear pairs:
Add ( nt, n2) to pairs ;

else ifpair_rost =cost then
Add ( nt. n2) to pairs ;

end if
end for

Add a random pair ( n 1, n2 ) to the alignment;
Delete Ot and 02 from St and s2~
end for

Figure 5. Pseudo codes for aligning spheres (Kuchaiev, 2010).
Evaluation Methods of GRAAL Alignment Result
GRAAL uses two methods to evaluate its alignment result. The first one is Edge
Correctness (EC) (Singh, Xu, & Berger, 2008). The other is Common Connected
Subgraph (CCS) (Kuchaiev et al., 2010). Edge Correctness is mainly introduced here. It
is defined as
EC =

I{Cu, v)} E E1 A (f(u), f(v)) E E2 1
IEll
X 100%,

which describes the percentage of edges in G 1 that are matched to edges in G2; namely,
EC quantifies the similarity degree of two networks (Kuchaiev, 201 0). Here, f : V 1 -+ V 2
is used to denote an alignment produced by GRAAL.
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CHAPTER III
MODIFICATIONS BASED ON GRAAL
Modification of GRAAL on the P Value
In GRAAL, the algorithm will repeat the whole algorithm on a pair of networks

(G 1P, Gl) for p = 1, 2, and 3 if some nodes in both networks still remain unaligned after
aligning all spheres around the seed (u,v) (Kuchaiev et al., 2010).
In order to improve the algorithm accuracy, in my implementation, I let the value

of p keep growing until each node from G 1 aligned to exactly one node in G2, say P
modification.

Implementation and Evaluation of P modification
P modification algorithm is implemented in C++ language.
To measure the performance of the implementation of this modified GRAAL, I
compare my implementation result with the result of GraphCrunch 2 (Kuchaiev,
Stevanovic, Hayes, & Przulj, 2011 ), which is a software tool that can implement the
GRAAL algorithm for purely topological network alignment.
In order to test the accuracy of this implementation, I perform one type of

synthetic test. And the main goal of this test is to demonstrate our implementation result
is the same as or is similar to GraphCrunch 2' s. The data sets I use are the largest
connected components of some PPI networks including D. Melanogaster (see Figure 6),
H. Herpersvirus, X. Laevis, G. Gallus (see Figure 7), and H. Immun. These interaction
data are downloaded from BioGRID (Breitkreutz et al., 2008; Stark et al., 2006)
databases (BioGRID: http://thebiogrid.org/download.php) and DIP (Salwinski et al., 2004)
molecular interaction Databases (DIP: http://dip.doe-mbi.ucla.edu/dip/Download.cgi).
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They contain numbers of nodes from 96 to 321, and the number of edges among these
nodes is from 100 to 340. In order to improve the complexity of these networks, 100%
edges of each network were added to the original networks. The number of edges among
those nodes is from 200 to 675 now. The detail information of these PPI networks is
shown in Table 1.

·- 1-0ifl#'.t""''

~~~-"""

Figure 6. The largest connected component of D. Melanogaster PPI network.
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Figure 7. The largest connected component of G.Gallus PPI network.
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Table 1
Detail Information of PPI Networks

Database

Species

Node

Edge

Edge after 100% edge addition

DIP

D. Melanogaster

96

100

200

BioGRID

H. Herpersvirus

152

151

302

BioGRID

X. Laevis

194

251

502

BioGRID

G.Gallus

197

217

434

BioGRID

H.Immun

321

- 340

675

After adding relative 100% edges to each network, I align these data sets with
their synthetic counterparts gained by randomly adding edges to the network. I run
experiments with different percentages of added edges: 5, 10, and 15%. Since GRAAL
has a randomness property, each experiment is run five times and the average result over
these five runs is obtained (Kuchaiev et al., 2010). For instance, for an experiment of
adding 10% edges, five randomized networks are gained by randomly adding 10% of
edges each time to the network five times. After aligning each of them with the original
data network, I obtain 5 edge correctness (EC) values that I average (Kuchaiev et al.,
2010). Finally, a comparison of these implementation results with GraphCruch 2' s is
performed. Table 2 shows the detail information of the comparison results.
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Table 2

Statistic of Comparison Results Between P Modification and GraphCrunch 2
%of
Networks

P modification's

Graph Crunch

edge
addition

Difference

2's

EC

Running

EC

Running

EC

Running

Value

time (s)

Value

time (s)

Value

time (s)

D.

5%

0.856

75.497

0.844

2

0.012

73.497

Melanogast

10%

0.549

85.971

0.545

2

0.004

83.971

15%

0.504

90.109 .

0.499

3

0.005

87.109

5%

0.777

864.426

0.858

27

-0.081

837.426

10%

0.589

885.233

0.638
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Figure 8 and Figure 9 show the detail chart view of comparison result based on D.
Melanogaster network and G.Gallus network respectively.
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Figure 8. Comparison results based on D. Melanogaster network.
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Figure 9. Comparison results based on G. Gallus network.
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Based on the data shown in Table 2, we can see that even though the running time
of P modification is much longer than GraphCrunch 2's, the average result of EC value
difference column is -0.0047, which implies that the accuracy of P modification is almost
similar to the GraphCrunch 2' s. Hence, we can substitute the P modification program for
GraphCrunch 2 software to do remaining works in the thesis.
Modification of GRAAL on Graphlet Selection
In order to simplify GRAAL algorithm's procedure, another modification, called

G modification, of the algorithm is reducing the number of nodes that are used to
compose the graphlets. In GRAAL, the graphlets that the node touches are composed by
2-5-nodes, so there are a total of 30 graphlets and 73 different orbits across all 2-5-node
graphlets in Figure 2 (Kuchaiev et al., 2010).
Through testing the datasets shown in Table 1, we found that it is rare for
biological networks to have all graphlets shown in Figure 2, especially those graphlets
composed by five nodes. To a large degree, most graphlets that biological networks have
are those graphlets composed of up to four nodes. Though some of graphlets composed
of five nodes may exist in one network, I just ignore this part when computing the vector
matrix by sacrificing the accuracy of the algorithm. So in G modification, I count the
number of graphlets on up to four nodes instead of five. Even though we just reduce one
node from the five nodes, the number of graphlets and orbits reduced exponentially. So
the number of graphlets is reduced from 30 to 9 and orbits reduced from 73 to 15. See
Figure 10 for detail.
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Figure 10. All connected graphlets on up to 4 nodes. There are 9 graphlets and contain 15
orbits which are denoted by GO, G1 , ... , G8 and 0,1 ,2, ... , 14, respectively (Milenkovic et
al., 2010).
Implementation and Evaluation of G modification

In order to know the accuracy and efficiency of the G modification, I did a test
based on the data sets shown in Table 1, then compared the G modification program's
results with P modification's. Table 3 shows the detail information about the comparison
results .
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Table 3
Statistic of Comparison Results between G Modification and P Modification

P modification's

G modification 's

%of edge

EC

Running

EC

Running

addition

Value

time (s)

Value

time (s)

5%

0.856

75.497

0.744

9.004

D. Melanogaster

10%

0.549

85.971

0.434

15.835

96_200

15%

0.504

90.109

0.409

14.674

5%

0.777

864.426

0.691

21.659

H. Herpersvirus

10%

0.589.

885.233

0.567

22.284

152_302

15%

0.556

948.819

0.537

22.529

X. Laevis

5%

0.856

1764.101

0.792

243.984

194_502

10%

0.608

1942.367

0.516

281.364

15%

0.486

2146.840

0.347

290.133

G.Gallus

5%

0.835

3544.950

0.686

322.257

197_434

10%

0.639

3613.715

0.527

250.848

15%

0.563

3924.508

0.519

297.967

H.Immun

5%

0.791

8325.788

0.729

889.771

321_675

10%

0.698

17666.333

0.589

1762.353

15%

0.628

18238.093

0.556

1844.492

Networks
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The detail difference information of EC value and running time between P
modification and G modification is shown in Table 4.
Table 4
Statistic of EC Decrease Percentage and Speed Increase Percentage from P to G

Networks

%of edge

Decrease Percentage of

Increase Percentage of

addition

EC from P toG(%)

Speed from P toG(%)

5%

13.08

88.07

D.

10%

20.95

81.58

Melanogaster

15%

18.85

83.72

96_200

Average

17.63

84.46

5%

11.07

97.49

H.

10%

3.73

97.48

Herpersvirus

15%

3.42

97.63

152_302

Average

6.07

97.53

5%

7.48

86.17

X. Laevis

10%

15.12

85.51

194_502

15%

28.58

86.49

Average

17.06

86.06

5%

17.85

90.91

G.Gallus

10%

17.54

93.06

197_434

15%

7.81

92.41

Average

14.4

92.13

5%

7.84

89.31

H.Immun

10%

15.63

90.02

321_675

15%

11.47

89.89

Average

11.65

89.74
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Figure 11 shows the relationship between EC value decrease percentage and
running speed increase percentage from P modification to G modification based on the
average values shown in Table 4.
Hence, from Figure 11 it is obvious to see that after reducing the number of
graphlets from 30 to 9, the program efficiency can be significantly improved without
losing much accuracy.
120
100

• EC Decrease Percentage

• Speed Increase Percentage

97.53

80
60
40

20
0
D. Melanogastert98gi¥lfrsvirus

152<..:.~~vis 194_5~Gallus

197_4B<1mmun 321_675

Figure 11. The relationship between EC Decrease Percentage and Speed Increase
Percentage from P to G.

Modification of GRAAL on Vector Calculation
In GRAAL algorithm, in order to compute the signature similarity between two
nodes from different networks, respectively, the algorithm computes 73 coordinates of
the vector of each node. No doubt that it is a huge work to calculate each vector if the
network has more than 1, 000 nodes. Here I propose an illumination which can reduce
this huge vector calculation work to some extent. I call this modification R modification.
The detail is introduced as follows.
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From Figure 2, we can see that for some orbits, there are some kinds of
relationships between them. For example, among orbits 0, 2, and 3, after knowing the
value of the Oth and 2th coordinates of a node, the value of the 3th coordinate of this node
can then be calculated with the following formula: o 3 = C~ 0

-

o 2 • Take the node v in

Figure 3, for instance: the value of Oth and 2th coordinates of node v are 5 and 2, so using
the relationship formula mentioned above we can calculate that the value of the 3th
coordinate is C~ - 2 = 8, which is the same as the value shown in Figure 2. Such similar
relationships also existed among other orbit groups, though I will not explain them here
due to space constraints. Here I just give an illumination. Hence, we can see that there
exist some computation redundancies in getting the 73 coordinates of the vector of a node,
which also means that the calculation of some coordinates does not give any contribution
to the vector computation.
In order to know whether this method will affect the alignment result, I test this

method with two groups of graphs. One group is shown in Figure 12. Another group are
the dataset of D. Melanogaster, which has 96 nodes and 100 edges among them (see
Figure 6) and its synthetic data with 5% random addition of edges.
1
1

0

2

2

4
Graph!

Figure 12. One group of testing graphs.
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The running results are shown in Table 5.
Table 5
Running Results of Alignments of Two Groups of Graphs with Programs Have
Redundancy and No Redundancy

EC
VALUE
Alignment of
"Graphl" and "Graph 2"

Alignment of
"Dmela_96_100" and
''Dmela_96_100_new_5% - a
- 1"

Running
time
(Sec)

EC
VALUE
Running
time
(Sec)

Program
with

Program
without

Redundanc~

Redundanc~

0.875

0.875

0

0.46

0.43

0.03

0.9

0.9

0

60.655

48.664

11.991

Difference

Through the results shown in Table 5, it is easy to conclude that this method can
improve the efficiency of GRAAL algorithm to some extent without losing any accuracy.
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CHAPTER IV
CONCLUSION AND FUTURE WORK

In this thesis, I presented three modifications, including P modification, G
modification and R modification, based on the existing GRAAL algorithm. I applied
them to several datasets introduced in Chapter II. The results have shown that these
modifications perform comparable to GRAAL from different aspects, and they work well
on networks with different sizes and densities.
P modification has similar running results with GRAAL. Hence, I can substitute P
modification program for GRAAL software, which enables me to do the remaining work
easily. Both G modification and R modification are modified based on P medication. Due
to the small-world nature of real networks, I count the graphlets composed of up to four
nodes instead of five. The number of graphlets is then reduced exponentially from 73 to
15. Hence, the algorithm efficiency can be improved to a large extent without counting so
many graphlets and also keep similar accuracy at the same time. As to the R modification,
it is demonstrated that there exist some computation redundancies in getting the 73
coordinates of the vector of a node. If I remove all such redundancies, then it will no
doubt save a lot of time to get the vector matrix of a network; namely, it will improve the
efficiency of the algorithm without losing any accuracy.
Moreover, given these three modifications, it is possible for users to select one or
more modifications based on their needs.
The goal of these three modifications is to improve the accuracy and efficiency of
the algorithm. Another effective way to improve the efficiency of these modifications is
to parallel the algorithm, which splits time consuming tasks into small ones and runs
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many of them in parallel. Since counting graphlets and aligning spheres are the most
computationally intensive tasks in GRAAL, the running time will be highly reduced if
parallel techniques are used in the programming, and this should be a subject of the future
research.
Since different types of networks may have different topological properties,
meaning that only part of 30 graphlets existed in one network, another subject for future
study is to improve the efficiency of how users choose the graphlets based on the
networks they are going to align. Users have to analysis the networks first to find out
what kind of graphlets exist in the networks and then remove the other graphlets that are
not exist in the network to shorten the vector matrix computation time.
For the network alignment algorithms, there are still areas in which to make many
advances. The modifications explained in this thesis can have an impact on the
improvement of GRAAL or on the design of other global network alignment algorithms.
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